Irish climate is experiencing changes which have been found to be consistent with those occurring at a global scale and there is now growing confidence that these changes are largely attributable to global warming. 
Introduction
Global average surface temperature has increased by 0.74 o C over the last 100 years (IPCC, 2007) . While the global temperature record displays a large degree of variability, most of this warming occurred during two periods, 1910-1945 and 1979-2006 . The rate of warming during the latter period of 1979-2006 has been faster over land than the oceans. In the Northern Hemisphere, the 1990s was the warmest decade and 1998 was the warmest year (IPCC, 2001) , followed by the joint second warmest being the warmest century in the last millennium (IPCC, 2001) . Much of this warming has occurred in the winter, spring and autumn seasons .
There is also evidence to suggest that the rate of warming has accelerated in recent decades, with the warming rate of the past 50 years almost double that of the past 100 years (IPCC, 2007) .
Based on the data from four, long-term, synoptic stations (Valentia, during the winter months, maximum temperatures increased more . Similar to global trends, winter warming is contributing a greater proportion to the increases in annual temperature. However, increasing winter temperatures in Ireland are being driven by changes in maximum temperatures and not minimum temperatures, in contrast to the global trend.
Trends in the Irish temperature records have been found to be largely consistent with those occurring at a global scale (McElwain and Sweeney, 2007) . There is now increased confidence that these global changes are largely attributable to the observed increase in anthropogenic greenhouse gas concentrations (IPCC, 2001 ). In the absence of strict emissions controls with a consequent increase in atmospheric concentrations of greenhouse gases, Global Climate Models (GCMs) project an increase in global temperatures of between 1.8-4.0 o C over the course of the present century ( Figure 1 ) (IPCC, 2007 ). An increase of this magnitude is likely to have a significant impact on climate processes operating at various scales, from global and hemispherical scale processes to the regional and local scale surface environmental variables.
Despite the high degree of sophistication of GCMs, their output is generally too coarse to be useful for regional or local scale impacts analysis, as important processes which occur at sub grid scale are not at present resolved by these models (Wilby et al., 1999) . Changes in both temporal and spatial variability, which may be just as important as the magnitude of change, are also masked at the sub grid scale (Wigley et al., 1990) , as it is unlikely that all locations will warm by the same amount and at the same rate. Global variations in the amount and rate of warming will also affect the distribution and rates of change of other meteorological variables, such as precipitation, radiation receipts and potential evapotranspiration. Therefore a disparity of scales exists between the global scenarios, as output by GCMs, and changes that are likely to occur at the regional or local level due to these large-scale changes. In order to overcome some of these scale differences, a number of statistical downscaling techniques have been developed in which large-scale GCM output can be translated or 'downscaled' into information about changes in the climate which can then be used for local scale impact analysis.
Empirical statistical downscaling is one such technique employed where high spatial and temporal resolution climate scenarios are required. The methodologies employed in statistical downscaling are largely in common with those of synoptic climatology, however, the goal of downscaling is to adequately describe the relationship between atmospheric circulation and the surface environment, with attention being focused more on model parsimony and accuracy, rather than understanding the relationship between them (Yarnal et al., 2001) . As a consequence of their relative ease of implementation and comparability of output to Regional Climate Models, the use of statistical downscaling methodologies to produce climate scenarios from GCMs is now widespread within the research community.
Statistical downscaling requires that a number of assumptions are made, the most fundamental of which, is that the relationship established between predictor and predictand will remain constant under climate change conditions. This assumption has been found to be reliable under such conditions (Busuioc et al., 1998) .
The selection of an optimum predictor set of atmospheric variables has been the focus of much research. However, no one technique or predictor set has come to the fore and there has been little research in evaluating the skill of various atmospheric predictor sets between studies and regions. Cross comparisons between predictors and evaluation of skill has been complicated by the fact that different studies have utilised different techniques and atmospheric predictor combinations for different regions. A number of studies have shown that choice of technique (Wilby et al., 1998; Huth, 2003) and predictors can have an impact on the resulting downscaled scenarios (Winkler et al., 1997; Huth, 2003) . Ultimately the number and choice of candidate predictors available for use is constrained by the overlap between the National Centres for Environmental Prediction (NCEP) data and that output from the various modelling centres (Wilby and Dawson, 2004) . 
Data

Data sources
Observed daily data for precipitation, maximum and minimum temperature and sun emissions scenarios (Wilby and Dawson, 2004) . All the gridded datasets exist on a common grid resolution, that of 2.5 o x 3.75 o degrees, and for a common grid domain.
The lead and lag of each predictor was also calculated to allow for a temporal offset which may occur between the predictor and predictand.
Data calculations
As global solar radiation is only measured at a limited number of synoptic stations, sun hours, measured at all synoptic stations, was used in conjunction with the Angstrom formula in order to calculate radiation (Angstrom, 1924; Brock, 1981) . The
Angstrom formula calculates radiation from sun hours as follows
where is the received solar radiation (MJ m Ireland (Sweeney and Fealy, 2003a ) when applied to the Angstrom formula.
Methodology
For the present study, a stepwise multiple linear regression was employed in order to link the large scale data to the predictands or surface climate variable of interest. This method is particularly suitable for use in downscaling studies where the predictand tends towards a normal or near normal distribution. Any predictand that conforms to this requirement can be adequately modelled using a standard multiple linear regression technique, as follows
The error term, e, can be employed to inflate the variance of the downscaled weather variables, which often tends to be underestimated, by adding 'white noise' to the predicted series.
Predictor Selection
The candidate predictor data set, comprising of large-scale surface and atmospheric variables from the NCEP Reanalysis Project, was split into a calibration and verification period. The calibration period for temperature spanned the 1961-1978 and 1994-2000 In addition to employing large-scale surface and atmospheric variables as predictors for downscaling temperature, local, site specific, surface variables were also employed in conjunction with the large-scale predictors for downscaling radiation and potential evapotranspiration. This modification to the more 'traditional' downscaling methodology is one that was adapted for the purposes of this research from conventional weather generator techniques, where local site specific variables are employed as predictors in conjunction with the large-scale predictors in some form of a regression model as opposed to just employing the large-scale forcing provided from the reanalysis data. An important justification for the inclusion of site specific variables for downscaling radiation and potential evapotranspiration arises from their dependence on local conditions such as cloud cover, a process which occurs at sub grid scale and therefore not well represented by the large scale gridded data.
Therefore, employing local climate variables as predictors, such as temperature range and precipitation which reflect thermal heating and local cloud cover, should provide additional and useful local scale information. The inclusion of these additional variables was found to be justified in this research.
For example, large-scale surface temperature from the NCEP reanalysis data was employed in combination with precipitation and temperature range (maximumminimum temperature) from the relevant synoptic station as input to calibrate the seasonal radiation models at each site. Similarly for potential evapotranspiration, radiation, precipitation occurrence and precipitation amounts were used as inputs to calibrate the regression model. While wind plays an important role in the calculation of potential evapotranspiration, its importance has a seasonal dependence, being more influential during the winter months and diminishing during the spring, summer and autumn months. As calculated potential evapotranspiration values are at a minimum during the winter months, and based on previous research undertaken by the author (Sweeney and Fealy, 2003a) , the exclusion of this variable is unlikely to significantly impact the predicted values of potential evapotranspiration. 
Results
Projected future changes in mean temperature, radiation and potential evapotranspiration in Ireland
In order to produce simulations of future changes in temperature, radiation and potential evapotranspiration as a consequence of climate change, data from the HadCM3, CSIRO and CCMA GCMs were employed as predictor variables in conjunction with the calibrated transfer functions, outlined in the methodology section, which linked the large-scale atmospheric data to the climate variables of interest. Although it has long being recognised that different GCMs produce significantly different regional climate responses even when forced with the same emissions scenario , it was common practice until recently for many impact studies to employ only one climate change scenario, based on one emissions scenario, derived from a single GCM. Hulme and Carter (1999) consider this practice, which ultimately results in the suppression of crucial uncertainties, as 'dangerous' due to any subsequent policy decisions which may only reflect a partial assessment of the risk involved.
In cognisance of the uncertainty associated with employing only one GCM or emissions scenario, ensemble mean scenarios of temperature, radiation and PE were produced sampling across all three GCMs and both the A2 (medium-high) and B2 (medium-low) emissions scenario employed in the analysis. Ensembles or model averages were calculated based on the Climate Prediction Index (CPI) (Murphy et al., 2004) 
Temperature
The mean ensembles, produced from the CPI, suggest that by the 2020s, average seasonal temperatures across Ireland will increase by between 0.75-1.0 o C (Table 8) relative to the 1961-1990 'normal' period. A portion of this warming has already been experienced over the period since 1990. Results for the winter and autumn months display the largest inter-GCM difference (Figure 10 ), ranging from a marginal decrease to a +2 o C increase in winter, while in autumn the range is +0.7 o C to +1.8 o C.
By the 2050s, Irish temperatures are projected to increase by 1.4-1.8 o C above the 1961-1990 period, with the greatest warming occurring during the autumn ( Figure   10 ). While differences between the individual emissions scenarios are small for all seasons, the inter-GCM range is large, again indicating the requirement for output from multiple GCMs when conducting climate change research. Spatial differences also become more apparent during the 2050s, with an enhanced 'continental' effect becoming apparent ( Figure 13 ).
This 'continental' effect becomes further enhanced by the 2080s period, particularly during the autumn season. This season accounts for the greatest warming for this period, with a mean increase of 2.7 o C projected to occur (Figure 12 ). The mean temperature in all seasons is projected to increase by 2 o C or more (Table 8) 
Radiation
By the 2020s, ensemble mean seasonal radiation is projected to decrease in all but the summer months, which suggests no change relative to the 1961-1990 period ( Figure   14 ). Individual results from the GCMs for the 2020s suggest a change in winter radiation of between +1 to -12%. An inconsistent signal is again apparent for spring, with individual GCM suggesting a range from a marginal, but positive increase of 0.5% to a decrease of -5%. For autumn, a more consistent signal of change is suggested, with all GCMs indicating a decrease in radiation.
By the 2050s, a greater seasonal divergence is apparent in radiation receipt, with the ensemble mean suggesting reductions of almost -11% during the winter months while an increase of 1.5% is projected to occur during the summer months ( Figure 15 ).
GCM ranges are also more consistent in projecting the direction of change, with the exception of the spring season, with one GCM suggesting a marginal increase in radiation receipt during this season.
These seasonal changes are further enhanced by the 2080s, with decreases of between -13 to -18% being projected for the winter season by the individual emissions scenarios (Figure 16 ). The ensemble mean scenario projects a decrease of -16% in radiation for winter, while a small increase of 3% is projected to occur during the summer months. However, inter GCM ranges are greatest for this season ranging from a decrease of -1.5% to an increase of +6% in receipts, by the 2080s.
Potential Evapotranspiration
Due to the dependence of PE on radiation, projected changes in this variable are broadly in line with the changes projected in radiation for the future time periods (Figures 17-19 ) and are not discussed further for space purposes.
Projected future changes in extremes of temperature
Extreme climate events, such as the prolonged heat wave, which occurred in Central While an assessment of these extreme indices on an annual basis is likely to mute the seasonal changes, all the temperature indices suggest significant trends that are consistent with observations and expectations of changes resulting from climate change. Over the 1961-2005 period, a significant increase in both maximum and minimum observed temperatures, resulting in fewer frost days and a shortening of the frost season, has been identified by McElwain and Sweeney (2007) . The duration of heat waves was also found to be increasing at a number of stations, while the number of consecutive cold days was also found to be decreasing over this period.
While this section focused on changes in values at the 90 th percentile, suggested changes occurring above this cut-off are likely to have a smaller return period and be more extreme than experienced at present. Susceptibility to changes in the mean climate, but also to changes in extremes needs to adequately assessed in order to minimise potential future risks.
Conclusions
A number of studies have attempted to produce future climate scenarios for Ireland (McWilliams, 1991; Sweeney and Fealy, 2002; Sweeney and Fealy, 2003a; 2003b) for use in impact studies to assess changes in agriculture, water resources, forestry, biodiversity and the marine environment Holden et al., 2003; Holden et al, 2004; Charlton et al., 2006) . However, these studies have acknowledged and inherent weaknesses due to the top-down and generally single trajectory approach of employing projections from just one GCM. While the single-trajectory approach has been common practice in the literature, quantification of uncertainties is becoming increasingly more important and feasible, primarily, due to increased data availability from GCM modelling centres.
In an attempt to address this deficiency, this paper presented a downscaling methodology for a selection of climate variables for Ireland that combined downscaled output from multiple GCMs. The methodology outlined, based on a stepwise multiple linear regression technique, can be readily applied where the predictand, or climate variable of interest, tends towards a normal or near normal
distribution. An added advantage of this technique is that the error term of the regression equation can be employed to add a stochastic component to the resultant data series.
Having selected a parsimonious set of predictors from which to calibrate the seasonal transfer functions, which link the large-scale atmospheric predictors to the surface climate variable of interest, models were then assessed by comparing model output with observed data, for an independent verification period. Results from the independent verification period indicated that the seasonal models adequately captured the forcing component of the selected large-and local-scale atmospheric and surface predictors employed in the analysis. A comparable suite of predictors, from each of three GCMs, were then employed, in conjunction with the derived transfer functions, to produce the climate scenarios for each site, season and variable.
The seasonally and time averaged projections from the individual GCMs were found to vary both in direction and magnitude, largely reflecting uncertainties inherent in climate modelling arising from uncertainties associated with future emissions scenarios, GCM parameterisation, internal variations in the climate system and their representation, selection of initial forcing conditions for particular GCM runs and the climate sensitivity of a model. In order to cater for some of these uncertainties in the present research, the Climate Prediction Index (CPI) was employed to produce model averages or ensembles of the downscaled climate scenarios. While the method outlined in this paper takes into account uncertainties associated with the selected GCMs and emissions scenarios, no measure of the uncertainty due the transfer functions is considered. This is an area that warrants further research.
The findings outlined in this paper reaffirm the importance of using an ensemble of GCMs and emissions scenarios in order to derive future projected changes in climate.
In order to estimate how much confidence we can have in climate change projections and subsequent impact assessments, various sources of uncertainty need to be adequately accounted for. 
